Identifying market crashes can be problematic. In a stable financial environment, the same price variation in percentage will result in greater negative impact than during a highly volatile period. In order to take into account changes of volatility throughout time, a new method is proposed, one which allows to adjust each price variation to accurately reflect its financial environment. This adjustment is made by measuring each price variation in number of standard-deviations calculated over the prior period. These adjusted variations can then be ranked therefore permitting the identification of market crashes. This method is tested on four long term series. Results on the French market, for example, are highly consistent with history. WWI caused major stock adjusted variations despite a low level of volatility and low price variations in percentage. Contemporary markets however are characterized more so by a high level of volatility than a time of frequent crashes. 
period. Whilst at first it may appear that extreme events are rare anomalies without any economic importance, they are in fact crucial to the final performance. Mandelbrot is the first to identify this. "Extreme variations are so high that they represent a significant part of loss or profit at the end of any period." Bouchaud et Walter, (1996) . Estrada (2009) , on daily prices of the Dow Jones between 1900 and 2006 shows that the ten best days (0.03 % of market days) gained 65 % of the final level of the index. Taking away the 100 best days (2.23 % of observations) leads to a final loss of 72 %. In a same way, according to Mauboussin (2006) using the daily data of the S&P since 1978, the average annualized daily change is 9.6 % but excluding the 50 best days (on 7 000), it falls to 2.2 % and rises to 18.4 % by excluding the 50 worst.
In the French market since 1854, the 20 best months on 1,858 (about 1 % of the observations) made up 96 % of the final level of the index. In other words, it would have been sufficient to invest into the stock market only 1 % of the time to achieve 96 % of the profit from the price changes. The majority of time, changes in prices balance each other out. On the other hand, the 20 worst months are also crucial for the final value of the index. Without these or selling the portfolio just prior and reinvesting the following month, the value of a portfolio should be 3,890 % more that observed with a strict buy and hold. Whilst it is recognized that extreme events, both positive and negative have a crucial impact on the final performance of stock investments, only negative extreme events, or crashes are studied in this paper as they negatively impact upon the stock holder wealth. Kindleberger (1978) studies historical examples of market panic but few statistical measures are available to identify market crashes. Patel & Sarkar (1998) confirm that the literature is surprisingly poor. Barro & Ursua (2009) use a decrease of more than 25 % as a criteria, over a period of time, ranging from one day to several years. Sornette (2003) deals with "drawdowns" or "runs" which measure downturns by cumulating consecutive days of negative variations. Mishkin & White (2002) define a crash as a fall of 20 %, as it was the level reached in both 1929 and 1987. They then look for a decrease of this level during different periods; 1 day, 2 days, 5 days, 1 month, 1 quarter and 1 year. Arbulu & GallaisHamonno (2002) identify extreme monthly changes by the number of standard deviation between 1802 and 2000 on Arbulu-SGF-INSEE series of the French market. Patel & Sarkar (1998) define a variable named CMAX which measures the price according to maximum fall on the prior j period: CMAXt = Pt / max [P ∈ (xt-j | j = 0,1, ..., T) ]. The j period can vary from a few days to several years. This tool measures the worst performance during a specific period of time. Extreme events are identified when the CMAX is outside this average by a certain threshold; two standard-deviation for example. Illing & Liu (2003) state that the CMAX is an hybrid measure of volatility and loss. Boucher (2004) uses this tool and a decrease of 20 % on different windows to identify market crisis in several countries. Das & al. (2005) or Coudert & Gex (2006) use the CMAX to study market crisis globally. This paper focus on market crashes, defined as a sudden adjustment: a violent and quick decrease. Market crisis or in other words, slow decreases, are not explored. Monthly data lends to use a variation on one month to identify crashes and daily data to look for a daily fall. The innovation here is to propose a new tool in understanding market crashes, with the unique capacity to adjust each monthly price variation relative to its financial context. A fall has a stronger impact on a stable market than on a highly volatile one and therefore a crash is not a certain percentage decrease during a specific period but represents an important discrepancy compared with what was previously observed. This tool can partially explain the puzzle of big news without big moves and big moves without big news point out by Cutler, Poterba and Summers (1989) or Siegel (1994) .
The new method of adjustment for the prior volatility is presented in (I) before the data used (II). The instability of the volatility for several assets is measured in (III). The quality of this method is demonstrated by its originality and the historical consistency of the crashes identified whereas a "classical analysis" of market crashes identifies extreme events without apparent shocks to the market but is unable to take into account historically known shocks (IV). Statistical characteristics of the series are measured in (V) before some robustness checks in (VI). The last section concludes.
I A new method to identify crashes: price variations adjusted for the prior volatility
An extreme variation of a same percentage leads to different consequences depending on the context. In a highly volatile market, a fall of x % has more limited repercussions than on a market used to great stability. For example, the French stock index, Cac 40, falls by 16 % in August 2002 without any real impact. However a similar decrease in January 1882 leads to several failures of French brokers. The consequences of a similar fall are totally different because stock prices are clearly less volatile at the end of XIX th century. This is illustrates by a standard-deviation inferior to 10 % whereas, during the recent years, it is approximately 20 %. Today investors are used to deal with large variations whereas this was not the case in
1882.
The shock constituted by a large fall should be measured relatively. White 2007 or Flandreau & Sicsic, 2003 .
Formally, to identify market crashes, we needed to identify the most important loss on the initial wealth of one investor. The profit or loss of an investor is calculated by the change in price minus the initial return anticipation, which corresponds to an opportunity cost because he would have been able to obtain remuneration by investing his wealth in other assets. This total percentage cost should be multiplied by the leverage to measure the impact of the event on the initial wealth. This adjustment authorized to identify crash by measuring the worst global loss taking account both for change in price and the leverage of this time.
We have :
with -∆ t , the price change, 1
, the price change adjusted for the prior volatility -l, the leverage -E t , the profit anticipation evaluated by the average profit observed on the prior period T, thus E t = µ t-1, t-T Accepting the hypothesis that the level of risk the investor looks for, R, is constant through time 2 and that the investor bases his expectation of volatility on the previous periods.
Thus, the investor chooses a leverage relative to the level of risk anticipated leading to a level of risk, R, conform to what he looks for.
with
Combining equations (1) and (3), we obtain:
Since, the hypothesis of a stable risk aversion through time is accepted, we can simplify by using a constant value R of 1. Thus:
Equation (5) To take into account the instability, each monthly price variation is adjusted according to equation (5). It is a "rolling standardization" of each monthly price variation. In practical terms, the average price variation over the prior period T is deduced from the price variation observed each month (∆ t ) . This deviation from the average is divided by the standard deviation observed over the same period T to obtain the adjusted series (∆ ௧ ) measured in terms of number of standard deviations over the prior period. 3 As a result of the rolling aspect of this "standardization", the average of the adjusted series (∆ ௧ ) is not exactly equal to 0 ; Price variations (∆ t ) are not minus by the average of the whole period but only by the average measured on the prior T period. For a similar reason, the standard deviation of the adjusted series (∆ ௧ ) is not exactly equal to 1.
Over which period of time to measure the financial context prior one variation of price? Theoretically, this period should be the one used by investors to anticipate volatility.
This period used to build anticipations of volatility is probably unstable through time. In order to simply this, we assume a stable period T. For all the price variations used below, an adjusted series (∆ ௧ ) is calculated following equation (5) for a value of T between one and twenty years for monthly data and between 12 and 5,000 days for daily data. Standard deviations of these adjusted series are calculated. We look for a period T which provide the more stable adjusted series meaning the value of T leading to the smallest standard deviation of the adjusted series (∆ ௧ ). This period of T leading to the smallest standard deviation of the adjusted series is retain to measure adjusted price variations.
II Data
Extreme events are exceptional and as this phenomenon is rare, long term data becomes necessary in order to study market crashes. This method of market crashes identification is applied on four series (see details on Appendix A). 
III The instability of the volatility through time
The large changes observed on the volatility of several markets legitimate to use the method proposed in (I) to adjust for the prior volatility. The volatility is not stable through time. Shiller (1981) shows that in the US, the unpredictability of stock prices is higher than what is implied by the instability of the dividends. Schwert (1989) details the instability of the volatility since 1857. Schwert (1997) (1999) agree that economic factors cannot exclusively explain market volatility, despite the fact that it clearly rises during economic recession (Schwert, 1989) . Compared to other markets, US stock volatility appears very stable.
In France, stock market instability 4 is different from the US one. Contrary to the US, a high volatility regime starts with the First World War. A rapid rise in instability is experienced by comparative companies listed both before and after the war (at the opposite, Belgium where a high quality stock index exists (Annaert, and Van Hyfte, 2006 1901 1906 1910 1915 1920 1925 1929 1934 1939 1944 1948 1953 1958 1963 1967 1972 1977 1982 1986 1991 1996 2001 2005 
Annualized Standard deviation
Standard deviation of theUK state bond rate, 10-years rolling window
Standard deviation of the French stocks, 10_years rolling window
Standard deviation of the US stocks, 10-years rolling window
IV Results: Originality and historical consistency of the crashes identified

French monthly stocks prices, 1854-2008
The more classical way of measuring crashes is to observe the worst variation outside of a certain threshold. As we saw in the introduction, only slight disagreements amongst authors occur pertaining to the magnitude and the time period used to identify a stock crash.
Using the simplest way, classical crashes are measured by the 20 worst monthly variations.
They appear on the first part of the table 1. Using this measure, the crash of October 2008 is about 15 %. At the worst moment (as with the CMAX measure on one month), the 27 th of October, the fall was approximately 25 %.
The worst month in French history is that of May 1981 with the election of the socialist president, François Mitterrand. The end of campaign proved very uncertain and the agenda, common to socialist and communist parties, clearly opposed to the stock market.
However, two months later, Italy suffered a crash with the United Kingdom following four months after that. In July of the following year Japan also experienced a crash (Patel & Sarkar, 1998 We observe that some of the worst months occur in the absence of any big news event while some of the biggest news events don't appear to move the market. Cutler, Poterba and Summers (1989) or Siegel (1994) The adjustment is realized using a T period of seven years to measure the prior volatility since this window provides the most stable adjusted series (lower standard deviation, see a test on Figure 3 ). Stock market crashes identified after adjustment for the prior volatility are more historically consistent. Whilst pre-1914 is defined by numerous crashes recent decades reflect more a high volatile period than a time of frequent crashes.
Most importantly, major shocks constituted by the wars appear clearly whereas they was absent in the classical analysis. Poincarré.
US monthly stocks prices, 1815-2008
Given the more homogeneous nature of the US volatility, adjustment for the prior volatility causes only a slight difference in crashes identified. The adjustment is realized using a financial context (T) of 13 years since this period provides the most stable adjusted 
US daily stocks prices, 1898-2008
It is interesting to test if this method provides consistent results on stock data with a higher frequency. For this purpose, we use the prices of the Dow Jones. Schwert (1997) present the 25 largest daily decreases. Table 3 
UK monthly bonds rates, 1754-2008
To confirm the consistency of this method on market crashes other than stocks, we study the UK bonds rates since 1754. Of course, in this case a crash is a rise of the rate. To use changes of (long term or perpetual at the beginning of the period) bond price is just the inverse to use changes in bond rates (see Appendix B). The test of the most stable period of financial contextualization (measure of T) leads to adjusting daily stock prices on 11 years 6 .
Since this asset presents large changes of his volatility through time, the effect of adjust changes for the prior volatility is strong. On this point, UK bonds looks like French stocks. As a result, 13 crashes differ according to the method used. Among the 13 worst rate changes 6 In the case of UK bonds, after a first floor starting with T=11 years, the standard deviation of adjusted series shows a continuous decrease when T increases. We choose to use this first weak level to compute adjustments. 
V Statistical characteristics
When we look for extreme events in the distribution of variations measured in percent of changes, it is clear that they mainly occur during periods of high volatility. Appendix C presents temporal distribution of changes in percent and after adjustment for the prior volatility according to equation (5). As expected, the difference between these two series is stronger for assets with large changes in volatility (French stocks and UK bond rates) than for those with a more stable volatility (US stocks measured monthly or daily).
For The adjusted series of variation (without runs) exhibit several outliers whereas it is not clearly the case on the pure variations in percent (not report). As for run in Johansen and Sornette (2002) , outliers on the adjusted series exist only for negative variations. These extreme events in negative variations are very special and should correspond to market crashes.
All these series supports a different distribution from that of the Gaussian one mainly due to the presence of fat tails (see Appendix D). The non-normality is confirmed by the Jarque-Berra test. Extreme events are more frequent and more severe than those shown by a We can also reject the normal law for the adjusted series but less strongly. The kurtosis decreases after adjustment for all series (except for daily US stocks). The skewness also decreases (except for UK bond rates) but this decrease can lead to be more far from 0 than in non-adjusted series (French stocks and US daily stocks). Combining both effects, the Jarque-Berra test for adjusted series is below the number found on pure changes in percent (except for daily US stocks).
V Robustness checks
The volatility at the stock level
Stock index instability can be the result of significant changes in stocks correlations.
The volatility of the index is a combination of both the correlation among stocks and the volatility of the individual stocks it comprises. Figure 1 presents the volatility of French and US stocks indices, hence well-diversified portfolios. The average investor however probably benefit from less diversification. Barber & Odean (2000) show that in the US, studying 60,000 investors between 1991 and 1996, the average portfolio is composed of only four stocks leading to undiversified portfolios (Goetzmann and Kumar, 2007) . This is far from what is necessary to obtain a true diversification. Campbell, Lettau, Malkiel et Xu (2001) measure that volatility at the individual level is different at the aggregate level as the correlation among stocks is also instable through time.
To test whether the instability is observed only at the aggregate level, we checks on 
Robustness of the financial context (T)
This section tests the robustness of the result vis a vis the way the prior volatility is measured. For each asset, we choose to use to measure the prior volatility on the period leading to the most stable adjusted series. For example, in the case of the French stocks, the standard deviation of the adjusted price variations is 1.08 standard deviation over seven years but 1.22 over one year. To find the optimal period T used to adjust each monthly variation, we look for the most stable adjusted series. Monthly price variations are adjusted over a period between one to twenty years. Standard deviations of these series appear on this figure. A period T of 7 years provides the most stable adjusted series.
However the choice of one T period has a limited impact on the crashes identified. For example, again on the French stock market, the crash of January 1882 is the first for all periods of T after one year (with T equal one year, it is the second one). Between, five and twenty years, the top 4 crashes are the same (but with different orders). This top 4 is in the same order for period of T between six and nine years.
A systematic study on the French stock market, of the crashes identified by different period T of contextualization show graphically that the choice of T is not really crucial. For each period T between one and twenty years, Figure 4 shows all "top tens" crashes identified.
Globally, 22 months can be in top ten according to different period of T. Many candidates exist for short periods of T. But after six years, crashes identified are more aligned. After about ten years, crashes identified appear similar. Therefore, the choice of one period T between six and twenty years is without any strong impact on the crashes identified. Figure 4 , Ranks of crashes identified according to the period T of contextualization To test the impact of choosing one period of seven years to adjust monthly price variation, the top ten crashes identified with different period T are presented here. The worst crash is the same (January 1882) for most of the period excluding one. After about ten years, crashes identified appear similar.
Sources : author
Conclusion
This paper demonstrates that the shock to financial systems, reverberating from a crash, cannot be measured purely by change in price. The total loss on the initial wealth for an investor should include both the decrease in percentage and the leverage used to invest.
Accepting the hypothesis of a constant risk aversion, investor uses the leverage to maintain constant his exposition to the risk. If the anticipations of risk of the investor are based on past volatility, the leverage used depends on the past volatility. As a result, the global loss for the investors is function of both the decrease in percentage and the prior volatility.
Volatility is unstable through time. Large decreases in percentage are more frequent during periods of high volatility. However if we measure in terms of global loss, the shocks to the financial system are clearly different from those experienced with pure price decreases.
Each variation is adjusted to be measured in number of standard deviation of the prior period.
This tool identifies market crashes adjusted for the financial context. The effect of this Crashes identified are the same between 6 and 9 yeras of contextualisation adjustment depends on the stability of the volatility of the asset. US stocks are more stable through time than French stocks or UK bonds. As a result, crashes identified after adjustment for volatility differ more strongly in the case of French stocks or UK bonds than for US stocks.
Crashes identified using this method are highly consistent with history. This method excludes some big moves without big news and identifies, as a crash, big news without large change in percentage. By the way, this paper partially solves this old puzzle of big moves without big news and big news without big moves. For example, French stock history can be divided into two areas of volatility. Risk of holding stocks is three times lower pre-1914 than and that experienced after the conflict. The wars of 1870 and 1914-1918 are identified as causing major stock crashes even though in terms of pure price changes, they cannot be considered so. In contrast, recent times are characterized by a high level of volatility rather than a period of frequent stock market crashes. First figure presents price (rate) variations in percent. The second one is the adjusted series according to equation (5). Each variation is minus by the average variation over the rolling T prior years. This extra variation is divided by the standard deviation over the same seven prior years. These adjusted variations are more homogenous throughout time than non-adjust variations. This smoothie effect is stronger for assets with large instability of the volatility (French stocks and UK bond rate). Before 1914, French stocks price variation presents a very low level of volatility compared to the post WWI observations. On UK bonds, the beginning and the end of the period are volatile whereas the middle supports a stability of monthly variations. More important extreme events are more homogeneously distributed through time. 
